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Abstract. Recently, near-infrared to visible light facial image matching is gaining popularity, especially for low-light and night-time surveillance scenarios. Unlike most of the work in literature, we assume that the near-infrared probe images
have low-resolution in addition to uncontrolled pose and expression, which is
due to the large distance of the person from the camera. To address this very
challenging problem, we propose a re-ranking strategy which takes into account
the relation of both the probe and gallery with a set of reference images. This can
be used as an add-on to any existing algorithm. We apply it with one recent dictionary learning algorithm which uses alignment of orthogonal dictionaries. We
also create a benchmark for this task by evaluating some of the recent algorithms
for this experimental protocol. Extensive experiments are conducted on a modified version of the CASIA NIR VIS 2.0 database to show the effectiveness of the
proposed re-ranking approach.
Keywords: Heterogeneous face recognition, dictionary learning and re-ranking.

1

Introduction

The task of recognizing low resolution facial images captured in uncontrolled settings
has become a challenging area of research in the field of computer vision due to the
increasing usage of surveillance cameras [1],[2]. It has been observed that the performance of most of the current algorithms degrades if the images captured are of low
resolution and also contain varying poses and poor illumination conditions which replicates real world scenarios [3],[4],[5],[6].
To handle illumination variations at low-light or night-time conditions, researchers
have started using near-infrared (NIR) facial images. But the gallery may consist of high
resolution (HR), controlled visible images captured during enrolment. So our goal is to
develop a heterogeneous face recognition algorithm which can match low resolution
(LR) NIR face images captured under uncontrolled pose and expression with the HR
visible face images captured with frontal pose and good illumination conditions (Fig. 1).
This problem is more challenging since the probe and gallery faces differ in resolution,
pose and illumination together with spectral variations. Addressing all these variations
together has not been well studied and needs to be addressed with special attention since
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Fig. 1. Low resolution heterogeneous face recognition: Matching HR VIS frontal faces (first row)
with LR NIR non frontal faces (second row). Original images are taken from CASIA NIR VIS
2.0 database [8].

these replicate the practical scenario [7]. The proposed re-ranking module can be used
as an add-on for any other algorithm also.
Recently, several approaches have been proposed for HR heterogeneous face recognition in the direction of dictionary learning framework. We build our re-ranking framework on the success of [9] to attempt this problem. Given a LR NIR probe and the HR
visible gallery images, we select the k-nearest neighbors since even if the correct match
is not at rank-1, it will likely be in the top few matches. We analyze the relative position
of the probe and all the gallery in this set with respect to a set of reference images to
re-rank these k-nearest neighbours. The assumption behind the re-ranking is that for
the correct probe gallery pair, the nearest neighbors of both of them should match. The
main contributions of our proposed work and differences with [9] are as follows:
– We provide a benchmark for the problem of LR heterogeneous face recognition and
evaluate some of the recent approaches in literature for this task.
– We propose a re-ranking module that is evaluated as an add-on feature to an existing
approach.
– The proposed re-ranking can potentially be used by other approaches to boost their
performance.
– Extensive experiments conducted on a modified version of CASIA NIR VIS 2.0
database [8] show the effectiveness of the proposed approach.

2

Related Work

In this section, we provide some pointers regarding the recent approaches. A fusion
based algorithm that uses restricted boltzman machine and stacked denoising auto encoders to address the problem of matching LR NIR and HR VIS is proposed in [7]. A
computationally efficient correlation analysis involving discriminant correlation analysis to compute the projection matrices which maximizes the correlation is described
in [5]. A joint face hallucination and recognition approach based on sparse representation is described in [10]. Moutafis et al. [11] propose a framework to match LR and HR
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faces by jointly learning two semi-coupled bases to exploit the optimal representations.
Li et al. [12] uses local binary pattern for low resolution face recognition by combining
multi-scale blocking center symmetric local binary pattern based on Gaussian pyramid.
Mudunuri et al. [2] propose an approach that learns multi-dimensional scaling to construct a common transformation matrix to simultaneously transform both the probe and
gallery faces into a common discriminative space. A template based face recognition
which efficiently fuses discriminative information of deep features is proposed in [13].
An inter-session variability modelling approach using Gaussian mixture model to handle cross-modal faces is described in [14]. Peng et al. uses Markov models to represent
heterogeneous image patches which considers the spatial compatibility between neighboring patches. Xing et al. [15] describes a generalized bipartite graph to discretely
approximate the manifold structure of face sets with different resolution.
A useful study on the effect of low resolution with deep learning techniques primarily involving pre-training by super resolution, domain adaptation and regression techniques is presented in [16]. A complex deep model to learn the relationship between
cross-modal images is described in [17]. A single deep convolutional neural network
architecture to map both NIR and VIS images to a compact Euclidian space is given
in [18]. A neural network based architecture that captures the non-linear relationship
between the two modalities of faces is proposed in [19]. A triplet loss based convolutional neural network framework is proposed in [20]. CNN based metric learning
strategies to reduce discrepancies between the different modalities is proposed in [21].

3

Proposed Method

In this section, the details of the proposed approach is presented which addresses the
problem of recognizing low resolution NIR faces captured under uncontrolled pose
and expressions with HR visible (VIS) faces captured under frontal pose and good
illuminations. The proposed re-ranking algorithm can be used as an add-on to any other
algorithm to improve their matching accuracy for this problem. In this work, we use a
recent work [9] as the baseline approach with certain modifications in which the authors
addressed VIS-NIR face matching where NIR images are also of high resolution. For
completion, first we will briefly describe the modified baseline approach [9] and then
provide details of the re-ranking algorithm.
3.1

Baseline Approach

The baseline approach [9] has a training and a testing stage. During training, given
images from both domains (NIR and VIS), we compute two orthogonal dictionaries for
each of the domains respectively. Note that unlike [9], in this case, the NIR images are
of low-resolution. Let X = {x1 , x2 , . . . , xN1 } ∈ Rd×N1 and Y = {y1 , y2 , . . . , yN2 } ∈
Rd×N2 be the data in the two domains, where d is the feature dimension of each sample
and N1 , N2 are the number of samples available for each of the respective domains.
The main advantage of learning dictionaries separately for the two domains instead of
in a coupled manner [22],[23] is that we can avoid the requirement of paired training
data. The other advantages of learning orthogonal dictionaries over the over-complete
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dictionaries are: 1) less computational complexity in computing the dictionaries and 2)
redundancy of dictionary atoms is less.
The algorithm learns an orthogonal dictionary [24] D̄x = [Jx Dx ] from the given
data X such that D̄Tx D̄x = Id×d . The optimization function is formulated as follows:
2

2

min k X − [Jx , Dx ] Λk2 + α k Λk0

Dx ,Λ

(1)

subject to DTx Dx = Im×m , JTx Dx = 0.
where d is the length of input feature vector and m is the number of atoms in the dictionary Dx . The dictionary D̄x has two sub dictionaries: Dx is the orthogonal dictionary
which has to be learnt from the given training data samples and Jx which can be used
to control the required number of orthogonal dictionary atoms. The matrix Jx is set to
a null matrix in our framework so that D̄x = Dx and hence the dictionary atoms can
span the entire space of d-dimensional vectors since they are orthogonal to each other
(as per the constraint in equation (1)). The dictionary Dx is initialized to DCT matrix
of size d × d. During the ith iteration, we have Dix and the task is to find out Λix and is
formulated as below:


2
2
Λ̂ix = arg min X − Jx , Dix Λix 2 + α Λix 0
i
Λx
(2)
T
subject to Dix Dix = I, JTx Dix = 0.
The optimization problem in (2) has a unique solution [24] and is given by:
T

Λ̂ix = Tγ (D̄ix X)

(3)

Here Tγ (v) represents a hard threshold operation on the vector v and we experimentally
tuned the parameter γ. The objective function to update the dictionary at ith iteration
can be formulated as:


2
D̂ix = arg min X − Jx , Dix Λxi−1 2
Dix
(4)
T
subject to Dix Dix = I, JTx Dix = 0.
Since the two dictionaries are orthogonal and span the same/similar space in the two
domains, we can assume that their exists a one-to-one correspondence of the dictionary
atoms. Consider Dx and Dy be the the orthogonal dictionaries learnt from the two
domains X and Y. The one-to-one correspondence between the dictionary atoms is
determined in a common space (here CCA space) and then the dictionaries are aligned
similar to the subspace alignment approach [25]. A metric learning algorithm (here
LSML [26]) is used to make the sparse coefficients discriminative. Please refer to [9]
for more details of this baseline algorithm.
During the testing stage, given a low resolution NIR probe image, we need to identify the correct match from the database of gallery faces, which consists of HR visible
images. In our work, the gallery and probe images differ in pose, illumination, resolution and spectral domain. We first compute the sparse coefficients from the respective
aligned orthogonal dictionaries computed in the training stage for both the probe and
gallery images. The sparse coefficients are transformed into the common space using
the metric learnt using LSML approach.
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Proposed Re-ranking algorithm

Given a probe, the above procedure gives a list of gallery images, where the first image
has the highest similarity with the probe, followed by the second one and so on. Now,
we describe the proposed re-ranking algorithm which works with this retrieved set of
images for improving the matching accuracy. It is based on two assumptions, (1) Even
though the correct match may not appear in the first rank, it may appear in the top knearest neighbours; (2) An image can be very well described by taking into account its
relation with some reference set of images [2].
Many of the existing algorithms including the considered baseline algorithm uses
the subject labels for retrieving the correct match. In this work, we use the additional
information of the relation with the reference set to improve the matching performance.
The idea is that though the subject is captured in either VIS or NIR mode, his/her
relation w.r.t the selected reference set should not change significantly in either of the
domains. Let {r1 , r2 , . . . , rNr } ∈ Rd represent the features of Nr number of reference
faces. If yte is the probe face (sparse coefficient vector in the common space), then
η= [η1 , η2 , . . . , ηNr ] ∈ RNr is the vector which encodes the information (in our case
distance) of how the probe face yte is related to the set of reference faces. Each entry in
the distance vector is computed as follows:
2

ηi = k yte − ri k2

(5)

Similarly, we compute the vectors for the top k-nearest neighbors from the gallery faces
for the given probe. Then the distances between the vectors of the probe and the k
nearest galleries are computed. We take the weighted sum of previous distances (that are
computed using transformed sparse coefficient vectors) and the new distances obtained
with the computed vectors and then the first nearest neighbor is taken as the correct
identity for the given probe. In our experiments, we used the training subjects itself as
the reference subjects and we analyze the performance of our approach by varying the
number of reference faces. In our experiments, we observe that 10 reference subjects
give a reasonable boost in accuracy.
The importance of these distance vectors is illustrated in Fig. 2. In the figure, for a
given probe (shown in left column), the top row shows the 5 most similar images in the
gallery for the approach [9] and the bottom row shows the results using the proposed
framework. If we take the second example in the figure, the correct identity (marked
with red box) as per [9] appears at the fourth position. By employing the proposed reranking approach, the distances are improved so that the correct match comes to the
first position.

4

Experimental Results

Extensive experiments are conducted on CASIA NIR-VIS 2.0 database [8] as this is
the largest publicly available database for matching NIR faces with VIS faces. The
dataset consists of VIS-NIR images from 725 subjects. The dataset was collected over
the years in 4 sessions. There are 1-22 visual and 5-50 NIR images per subject. There
are 10 training-testing splits recommended by the authors. The subjects in the training
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Fig. 2. Illustration of retrieval performance of our proposed re-ranking framework and comparison with the method [9]. For each probe (left column), the top row shows the 5 most similar
images in the gallery for the approach [9] and the bottom row shows the results using the proposed framework. The red boxes indicate the correct identity for the given probe.

and the corresponding testing set are non-overlapping, and the percentage of subjects
in the training and testing set are both nearly 50%.
But in the database, both the VIS and NIR faces are high resolution images with size
128×128. So we converted the NIR faces into low resolution by down-sampling them
to 20×20. They are then upsampled to the original size (128×128) so that the same
features can be computed for all the images. We follow the same protocol as described
in the database except that the NIR images used are of low resolution to mimic the
real-world scenario. The rank-1 accuracy and the standard deviation of our approach
over the 10 folds as per the protocol of the database is reported in Table. 1. In all the
cases, VGG face features (pool5, fc6 and fc7 features) [27] are used as image features.
To reduce the dimensionality, we applied PCA and took the first 2500 coefficients as
the feature vector.
First, we evaluated several algorithms on this modified CASIA NIR-VIS 2.0 database
to create the benchmark results. Specifically, we evaluated several correlation-based ap-
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proaches, metric learning and dictionary learning approaches. We have directly taken
the codes from respective authors. The results of these approaches and also of the baseline algorithm [9] is given in Table. 1 along with the results of the proposed re-ranking
approach. We observe that the proposed re-ranking approach is able to improve upon
the baseline approach and is superior to all the other compared approaches.

Table 1. Comparison of the performance (Rank-1 (%) ± Std) of the proposed approach on CASIA NIR-VIS 2.0 database [8] (NIR faces are of low resolution and the VIS faces are of high
resolution) with state-of-the-art approaches.

4.1

Method

Rank-1 (%) ± Std

CBFD [28]

26.65 ± 0.35

GMA [29]

34.78 ± 0.89

CCA [30]

35.48 ± 1.46

Mean CCA [30]

35.93 ± 1.74

MvDA [31]

39.39 ± 1.86

Cluster CCA [30]

42.21 ± 1.55

Randomized Kernel CCA [32]

45.59 ± 1.13

Dictionary Alignment [9]

58.35 ± 1.37

Proposed Approach

60.21 ± 1.26

Analysis of the proposed approach

Now, we present some analysis done for the proposed approach.
Effect of different number of reference images: We evaluated with different number
of reference images Nr which are used to compute the distance vectors and the variation of the Rank-1 recognition rate is given in Table 2. For this analysis, we took the
Table 2. Effect of increasing number of reference images Nr . Fold 3 is chosen to conduct the
experiment.
Nr

10

20

30

50

100

200

Rank-1 (%) 57.20 58.37 58.71 58.74 58.92 59.38

third fold of the database protocol.
Effect of applying super-resolution on LR NIR images: One way of matching LR
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Fig. 3. Illustration of effect of applying super resolution techniques: SR1 [33], SR2 [34] and
SR3 [35] on LR NIR faces before performing matching.

against HR faces is to first apply super resolution (SR) on LR images to improve their
resolution and then perform the recognition. We experimented with three state-of-theart super resolution approaches SR1 [33], SR2 [34] and SR3 [35] to make LR NIR
images (of sizes 40×40 and 60×60) to HR and applied our approach to see the effectiveness. The resultant rank-1 recognition rates are shown in Fig. 3. We observe that the
performance increases using SR techniques.
Effect of different probe resolutions: To analyze the effectiveness of the proposed
approach across different probe resolutions, we evaluated the approach with different
resolutions of probe faces. We observe from Table 3 that the performance remains stable
till probe resolution of around 40×40 and then suddenly decreases drastically, which
also demonstrates the importance of handling this problem.
Effect of LR visible images on the performance: We also analyze the effect of res-

Table 3. Performance of the proposed approach for different NIR probe resolutions.
Resolution Rank-1 (%)
10×10

24.38

20×20

59.45

40×40

82.35

60×60

83.80

80×80

84.28
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olution of the gallery VIS images. For this, we conducted experiments by varying the
VIS face resolutions and the recognition accuracies are presented in Table 4. The NIR
faces are fixed to the resolution 20×20. We observe that the accuracies are almost stable
till gallery resolution of 20×20 and then suddenly drops.
Table 4. Performance of the proposed approach for different VIS gallery resolutions. Probe resolution is 20×20.
Resolution Rank-1 (%)

5

10×10

24.59

20×20

51.36

40×40

58.51

60×60

58.16

80×80

59.03

Conclusion and Future Work

In this work, we proposed a re-ranking algorithm which can be used as an add-on to
any existing algorithm for the problem of low resolution heterogeneous face recognition. The overall approach does not require one-to-one paired images for learning
the dictionaries. Extensive experiments are conducted to show the usefulness of the
proposed approach as well as the importance of the problem attempted in this work.
Currently, there are no publicly available database which addresses this problem which
has surveillance quality NIR images with large number of subjects. Collecting our own
surveillance quality LR NIR database so as to advance research in this important field
will be one of the future works.
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